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Abstract

"This work investigates the application of variable length representation (VLR) evolutionary
algorithms (EAs) in the field of Evolutionary Electronics. We propose a number of VLR
methodologies that can cope with the main issues of variable length evolutionary systems.
These issues include the search for efficient ways of sampling a genome space with varying
dimensionalities, the task of balancing accuracy and parsimony of the solutions, and the
manipulation of non-coding segments. We compare the performance of three proposed
VLR approaches to sample the genome space: Increasing Length Genotypes, Oscillating
Length Genotypes, and Uniformly Distributed Initial Population strategies. The advan-
tages of reusing genetic material to replace non-coding segments are also emphasized in
this work. It is shown, through examples in both analog and digital electronics, that the
variable length genotype’s representation is natural to this particular domain of application.
A brief discussion on biological genome evolution is also provided.
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1 Introduction

Variable length representation (VLR) aims to give to artificial evolutionary systems the ca-
pability of sampling a genome space corresponding to phenotypes of different complexities.
There are basically two concepts in nature that have not yet been adequately simulated in
artificial evolutionary systems: the impressive ability of complex organisms to form from
simple ones (Harvey, 1993) and the existence of both coding and non-coding genetic ma-
terial (Ridley, 1996). The use of variable length data structures representing the genotypes
in evolutionary algorithms (EAs) allows the exploration of these two biological concepts.

In this article, we devise a number of techniques that utilize VLR evolutionary algo-
rithms and apply them to the novel field of Evolutionary Electronics (EvolElec) (Sipper,
1997). This new area of study has arisen from the increasing number of EA applications
in the electronic engineering domain. Evolutionary Electronics is an attractive testbed for

(©2000 by the Massachusetts Institute of Technology Evolutionary Computation 8(1): 93-120



R. Zebulum, M. Pacheco and M. Vellasco

methodologies involving variable length genotypes (VLGs), due to the large number of
practical applications in this area. EvolElec can derive benefits from using the VLR con-
cept; particularly, in the domain of applications covered by this work, where evolutionary
systems are used to design circuits of unknown sizes. This requirement, together with
parsimony, which is a key feature for solutions in engineering design, is well suited to EAs
using variable length representation. We examine the following cases: evolution of digital
circuits (comparators, multiplexers, and parity detectors) and evolution of analog circuits
(passive filters and bipolar transistor amplifiers).

The methodologies proposed in this work cope with the basic issues of variable length
genotypes: sweeping the genome space and controlling the size or complexity of the so-
lution. We present three different approaches for sampling genome spaces of varying
dimensionalities: Increasing Length Genotypes (ILG) (Harvey, 1993), Oscillating Length
Genotypes (OLG), and Uniformly Distributed Initial Population (UDIP). We also examine
two classes of mechanisms to control the solution complexity: implicit control mechanisms,
where the evolutionary system develops its own regulation of the genotype size; and explicit
mechanisms to control the solution size, such as the Pareto Optimal concept (Fonseca and
Fleming, 1995). Finally, we identify a way of reusing useful genetic material in the replace-
ment of the non-coding loci of the chromosomes by including a memory data structure
in the evolutionary system. As we shall show, this mechanism models the advantageous
preservation of genetic material associated with diploid organisms (Ridley, 1996).

This work is divided into five additional sections. Section 2 introduces the field of Evo-
lutionary Electronics and discusses the reasons why VLR evolutionary systems constitute a
natural approach to this field. Section 3 presents the basic methodologies developed by the
authors to deal with the features of the genome space characteristic of VLR evolutionary
algorithms. Section 4 presents the case studies in analog and digital electronics, as well as
a discussion of the methodologies used in each case. Section 5 presents a brief discussion
on the biological aspects that stimulate us to investigate this new class of EAs. Section 6
concludes the work.

2 Evolutionary Electronics

Evolutionary Electronics (EvolElec) applies the concepts of genetic algorithms to the evo-
lution of electronic circuits (Thompson, 1996). The main idea behind this research field is
that each possible electronic circuit can be represented as an individual or a chromosome
of an evolutionary process, which performs standard genetic operations over the circuits.
Due to the broad scope of the area, researchers have been focusing on different problems,
such as placement (Esbensen and Mazumder, 1994), routing (Esbensen, 1994), Field Pro-
grammable Gate Array (FPGA) mapping (Kommu and Pomenraz, 1993), optimization of
combinational and sequential digital circuits (Miller and Thomson, 1995), synthesis of dig-
ital circuits (Miller et al., 1997), synthesis of passive and active analog circuits (Koza et al.,
1996), synthesis of operational amplifiers (Kruiskamp and Leenaerts, 1995), and transistor
size optimization (Rogenmoser et al., 1996). Of great relevance are the works focusing
on “intrinsic” hardware evolution (Layzell, 1998; Thompson et al., 1996) in which fitness
evaluation is performed in silicon, allowing a higher degree of exploration of the physical
properties of the medium. This particular area is frequently called Evolvable Hardware,
though this terminology may also be used in a broader sense.
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Let us first consider the problem of sizing the target circuit that is to perform a desired
function. If classical genetic algorithms with fixed length genotypes are used, then a previous
knowledge will be required to set the size of the target system; for instance, the number of
transistors when the target design is an analog amplifier, or the number of boolean gates
when the target design is a digital circuit. Besides requiring a previous knowledge from the
user, fixed length representation limits the potential of evolutionary algorithms in finding
not only the solution itself but also its size. It is, therefore, expected that variable length
genotypes will be better suited for Evolutionary Electronics (Thompson et al., 1996).

In our VLG approach, each genotype G is as a collection of genes divided into two
subsets: the subset of active genes and the subset of inactive genes. By active or coding
genes we mean those genes being considered by the EA when evaluating the chromosomes’
fitness. Equation 1 describes our concept of genotype.

GngiM"; i=1,..,n; and M; =0 or M;=1 ¢))

The above equation defines our genotype model as a collection of n genes, and each
gene g; can be classified in either an active gene, for M; = 1, or an inactive gene, for M; = 0.
We define the number of active genes by the variable m and the number of inactive genes
by the variable ! (m and [ are formally defined in Section 3.1). Our proposal is to keep the
values of m and [ variable along the evolutionary process, while keeping the total genotype
length, n = m + [, constant. We will call the number of active genes m the effective
genotype length. Each gene will encode for a piece of the electronic circuit or phenotype;
this piece may be a discrete component, such as a resistor, capacitor, or transistor, or a
mathematical function performed by a set of electrical components, such as a product of
boolean variables.

Our assumption is that we may employ similar VLR methodologies to different prob-
lems in EvolElec, ranging from boolean function synthesis to the design of high gain
amplifiers, since, in all these problems, the size of the circuit is part of the solution.

3 VLR Methodologies

VLR evolutionary algorithms have been intensively investigated since the beginning of
the 90%s. Examples of these algorithms are the Messy GAs (Goldberg et al., 1990), LS-1
classifiers (Smith, 1980), genetic programming (Koza, 1992), and the Species Adaptation
Genetic Algorithm (SAGA) (Harvey, 1993). A survey of these algorithms may be found in
Harvey (1993).

In this section, we describe our VLR methodologies, which borrow some concepts
from the SAGA methodology. The following issues are addressed below: genotype model,
sweeping strategies, genotype size control, and the use of non-coding segments.

3.1 Genotype Model

Figure 1 illustrates the genotype model employed in this work, which is based on the
concept of active and inactive genes described in Equation 1. The model adopts a genotype
formed by a string, as in standard genetic algorithms. The string is a collection of genes,

In the context of this work, the word “sizing” is employed to express the number of components of the target
circuit.
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Figure 1: Genotype model adopted throughout this work.

91, 92, - gn, €ach one with the same number of loci L that is usually greater than 1 and
dependent on the application. Our model differs from standard genetic algorithms in thatit
employs another string linked to the main one called the activation mask string. The bits of
this auxiliary string work as masks for the genotype main string. A particular gene g; in the
main string will be active if the associated value M; in the mask string equals 1. If M; equals
0, then the gene g; will be inactive. This simple mechanism is used throughout this work to
provide a computational implementation for our VLR evolutionary algorithm. According
to the representation used in Equation 1, the effective genotype length m is given by the
number of active genes (M; = 1):

m:ZMi s n=1l+m 2

In our experiments, we have been careful to use a value of n big enough to avoid upper
limit boundary effects (Banzhaf et al., 1998).

Besides the standard evolutionary algorithm operators, selection, crossover, and mu-
tation, we have included another genetic operator called vary-length operator, which can
either activate or deactivate a particular gene g; by changing the value of M;. This operator
is applied to each locus of the activation mask string with a particular probability, and it
is not particularly inspired in any explicit mechanism used in nature; rather, it is a way
to provide sampling over the whole genome space consisting of phenotypes of different
complexities. The concept of genotype masks has been used in genetic algorithms as a way
of preparing for uniform crossover (Goldberg, 1989); here, we employ the same concept
within a different context.

In addition to the vary-length operator, the crossover operator will also modify the
genotypes’ masks. When two genotypes exchange genetic material through crossover, the
correspondent masks of each gene will be similarly exchanged. We have used the standard
one-point Crossover operator.

Exponential selection (Bick, 1994; Goldberg and Deb, 1991) has been used in our
experiments, since it provides an easier way to control the selection pressure.
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3.2 Sweeping Strategies

Sweeping strategies refer to the way in which the different dimensionalities of the genome
space are sampled by the EA. We devised three strategies to handle this problem: In-
creasing Length Genotypes ILG), Oscillating Length Genotypes (OLG) 2, and Uniformly
Distributed Initial Population (UDIP).

3.2.1 Increasing Length Genotypes (ILG)

This strategy has been devised within the context of the SAGA methodology, and it seems to
be the most suitable for engineering problems. The Increasing Length Genotypes strategy
is inspired by the biological formation of complex organisms from simple ones (Ridley,
1996). We initialize all the genotypes with the same activation mask in which just a few
bits are set to one; hence, just a few genes are initially active, and simple phenotypes are
produced initially. Except for the fact that we fix a minimal number of bits set to 1 in the
initial mask, its general pattern is randomly initialized. Since the genotypes only increase
in size, the vary-length operator may only activate genes in this approach.

There are two basic advantages in using the ILG strategy: the implicit control mech-
anism for the solution sizes and the gain in speed.

The implicit control mechanism is characterized by the fact that the average population
genotype size usually stabilizes in a particular value, instead of growing until the upper bound
limit of the genotype. This is due to the fact that, once solutions are found with a particular
size, selection will start to check individuals larger than this optimal or sub-optimal size.
Additionally, it has been observed in our experiments that the size of the evolved solutions
are very sensitive to the vary-length operator expression, which gives the rate at which
this operator is applied to each mask bit of the activation string. It will be shown in the
case studies that a slowly decaying exponential function is used to determine the rate of
application of this operator.

The gain in speed in the ILG strategy stems from the fact that circuits with complexity
much beyond the one of the optimal solution, whose simulation is more time consuming,
are not sampled.

3.2.2 Oscillating Length Genotypes Strategy (OLG)

The OLG strategy is a variation of the ILG strategy in which the genotypes are also
allowed to decrease in size. The vary-length operator now switches the genes, activating
and deactivating the mask bits. One possibility is to assign to this operator a rate obeying a
sinusoidal function. The main purpose of this strategy is to create pathways from large to
smaller genotypes with similar fitness values.

3.2.3 Uniformly Distributed Initial Population Strategy (UDIP)

Instead of starting with a population of small genotypes, the initial genotype sizes are
now randomly assigned to values ranging from one to the maximum number of genes n.
Therefore, the initial population is heterogeneous in terms of genotype size. The vary-
length operator rate is assigned to a constant and low value. The objective of this strategy
is to find out the EA behavior with heterogeneous populations.

2Suggested by Anil Seth, Centre for Computational Neurosciences and Robotics, University of Sussex.
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3.3 Genotype Size Control

Genotype size control relates to the problem of balancing the accuracy and parsimony of the
solutions. Zhang (1997) devises a taxonomy of growth control schemes, classifying them
into direct and indirect, non-adaptive and adaptive, and off-line and on-line. Within the
genetic programming, framework approaches propose: adaptive parsimony pressure (Zhang
and Miihlenbein, 1995), the deleting crossover (Blickle, 1996), and explicitly defined introns
(Nordin et al., 1995) to tackle the bloating phenomenon (Langdon, 1997). Another more
general approach is the Minimum Description Length (MDL) methodology (Iba et al.,
1997). As we have previously stated, some sweeping strategies can provide a solution
size control mechanism for free. Within our EA framework and concerning our area of
application, it has been verified that implicit mechanisms produce good results. However,
for the sake of comparison, we propose the use of the Pareto-Optimal concept for multi-
objective optimization (Fonseca and Fleming, 1995) as a method to balance parsimony and
correctness.

The main advantage of using Pareto is that we do not need to incorporate terms of
correctness and parsimony into the fitness evaluation function. Instead, at each generation,
a list of individuals that are dominated or non-dominated (Fonseca and Fleming, 1995)
by correctness and parsimony is produced, and their fitness values are changed at periodic
intervals of generations. This change consists of assigning the lowest possible fitness value
to all dominated individuals, regardless of their actual fitness, and maintaining the fitness
values of the non-dominated individuals. Depending on the selection method employed,
the dominated individuals may be partially or totally eliminated from the reproduction
process. The period at which the fitness values are changed affects the selection pressure;
reducing or increasing this period will respectively increase or reduce the selection pressure
towards fit and parsimonious solutions. After testing different values, we have kept this
period at 20 generations.

3.4 Use of Non-coding Segments and the Memory Paradigm

Within the genetic programming framework, non-coding segments have been studied from
the bloating phenomenon perspective, i.e., tree size explosion accompanied by a reduced
performance of the optimization process (Blickle, 1996). According to Banzhaf etal. (1998),
the advantage of variable size genomes is their ability to choose their own representation,
whereas the apparent disadvantage is the production of non-coding segments. They con-
cluded that while introns do not affect the fitness of the individual directly, they may
affect the likelihood that the individuals will survive by protecting them against destructive
crossover. In another work, Wu and Lindsay (1995) performed an empirical investigation
of the influence of non-coding segments in the performance of genetic algorithms.

Another implicit role of non-coding segments in artificial evolutionary systems relates
to the formation of neutral networks. Harvey and Thompson (1997) investigated this
implicit functionality of non-coding segments in the context of Evolutionary Electronics.
They have used the concept of neutral networks of fitness landscapes in the evolution of
FPGA circuits. A neutral net is a connected pathway through the genotype space, which
can be transversed through the application of genetic operators such as mutation while not
changing the fitness. These networks are formed if the genetic encoding has a number
of potentially useful redundant loci (called “junk DNA”) that are functionless within a
particular context, but, given different values elsewhere, they may well become significant.

98 Evolutionary Computation Volume 8, Number 1



VLR in Evolutionary Electronics

Digital Combinational Circuits- a.b.c + b.c+

Gene /

Gene Output

— |

|
I J;Vout
Passive Analog Circuits - Vin T

Vi

Gene |Input

Gene

Figure 2: Chromosome representation and memory paradigm in evolutionary electronics:
digital and analog cases.

It has been suggested that neutral networks played an important role in the evolution of a
two-tones recognizer circuit (Thompson, 1997).

In our investigation, we make an explicit use of non-coding segments; instead of
randomly initializing the genes’ contents as they are being activated, we pick out a gene
known a priori to be probably fitter. In order to use this approach called memory paradigm,
our representation will have to be such that the evaluation of each gene as an individual unit
will have to be enabled (Gero, 1998).

In Evolutionary Electronics, this kind of representation can be achieved in both digital
and analog circuits. In the former, each gene may account for a boolean product of input
variables and the whole genotype will encode for the overall sum of products representing
the circuit. In the latter, each gene may encode for a mesh 2 of the circuit. This is shown
in Figure 2.

The memory paradigm requires the existence of a central data structure in the EA,
which will behave as a genetic memory; as fitter genes come up in the beginning of evolution,
they are stored and then reused as the genotypes grow in size. Evolutionary algorithms
using the memory paradigm will have the following advantages over conventional ones:

1. Overcoming schemata processing limitations (Goldberg, 1989) of classical GAs, since
the highly fit, short-sized schemata initially spread throughout the population are now
explicitly gathered to constitute longer sequences of genes;

2. Saving useful genetic material from being lost once it appears in low fitness genotypes,
since it is now stored in the memory. This is akin to the diploidy effect of preserving
genetic material in natural evolution (Goldberg, 1989).

The main consequence of the use of the memory paradigm and its associated represen-
tation is the departure from the implicit schemata processing concept of traditional genetic
algorithms. In the case of building blocks larger than the gene size, though, the implicit
schemata theorem still holds at the gene level.

Another advantage of this representation is the possibility of carving up the genome

3A mesh is defined here as an arrangement of two components. For instance, Figure 2 shows an analog circuit
made up of three meshes.
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space. 'To each gene g we may assign a unique index I given by:
n—1 )
Ig)=)Y LiK' (1<I<K") 3)
i=0

where L; is the value of the locus i of a n-loci gene, and K is the representation alphabet
cardinality (assuming binary or integer representation). There are K™ different genes. A
huge genome space can then be uniformly decomposed into S slices according to the genes’
assignments, and each parallel running evolutionary algorithm EA;(1 < j < S) will sample
aregion R; that includes a particular range of indexes:

. K" .
T(J -1)<R; < </ )

A simple penalty term is applied in each EA; fitness evaluation function, to induce
them to sample their respective slices of the genome space. This penalty holds for all
genes in a particular chromosome so that the overall genotype will tend to stay at its EA
correspondent slice. The final form of the fitness equation will be presented in Subsection
4.1.

4 Case Studies

This section presents the results of the application of the above concepts in two major areas
of electronics: digital and analog.

4.1 Digital Circuits

We examine here the application of VLR EAs in the synthesis of combinational digital
circuits. Given a truth table * or a list of minterms 5 for a particular boolean function,
the task is to find a minimum digital circuit that implements this function. The evolution
of combinational functions has been classically used as a testbed for evolutionary method-
ologies (Koza, 1994). Evolutionary algorithms may be used in combinational function
optimization together with simplification heuristics, providing results that are competitive
with the state-of-the-art in CAD (Computer Aided Design) (Miller and Thomson, 1995).
Here we handle the problem of boolean function synthesis without any heuristics, which
turns out to be a hard and interesting problem (Miller et al., 1997).

4.1.1 Problem Modeling

Representation

Considering that any boolean function can be represented as a sum of product terms,
we have represented the genotypes as a collection of genes that encode for any possible
product of boolean variables, complete or incomplete. For a n — input digital circuit,
each gene will have n loci that can take three possible values: 0 if the correspondent
input variable is complemented, 1 if the input variable is uncomplemented, and 2 if the
input variable is absent. This can be seen in Figure 3, showing the representation of a

4List containing 2" output values for a n-input boolean function.
5Product of boolean terms containing as many literals as there are variables in the boolean function (Hill and
Peterson, 1981)
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Figure 3: Genotype mapping for a hypothetical boolean function.

hypothetical boolean function consisting of three product terms resulting in a chromosome
made up of three genes, each one with three loci. As one can see, the number of twos in
a boolean term determines its parsimony. Therefore, we will call the order of a boolean
term 9 as the number of twos in its correspondent gene, so that higher order genes are the
more parsimonious ones. The use of variable length representation in this problem is a
natural choice, since one does not know, in principle, how many terms the minimal solution
is made up of, i.e., the degree of simplification of the boolean function (Zebulum et al.,
1997b).

We can compare our representation with the so-called gate level representation (Iba
et al., 1997), which has been widely used in evolutionary electronics. In the gate level
representation, the genotypes encode directly the digital circuitry, which is organized in
logic gates (Zebulum etal., 1997a). The gate level representation hasn’t yet been successfully
applied to large combinational functions. In contrast, our approach promises to be suitable
when the problem scales up. Nevertheless, our representation has two main disadvantages:

1. There is a particular class of boolean functions for which the decomposition in products
connected by XOR logic (Miller et al., 1994) instead of OR will provide a more
economic implementation. Our representation will not be efficient for this class of
functions;

2. The gate level representation is more naturally suited to Field Programmable Gate
Array (FPGA) applications, where the digital circuitry mapped by the genotype follows
a particular class of FPGA architecture (Miller et al., 1997).

However, many important CAD tools based on conventional logic minimization tech-
niques (Brayton et al., 1984), such as Espresso, represent digital circuits as a sum of product
terms as we do in this work.

The number of fitness cases for combinational circuits increases exponentially with the
number of inputs and, as a consequence, the hardness of the problem increases non-linearly
as well. The authors have identified that, in general, as the number of inputs n surpasses
the value of 6 or 7, special methodologies are required, such as inserting memory in the
evolutionary system or carving up the genome space. Nonetheless, as it will be shown, the

6There is no relationship between our definition of the order of a boolean term and the conventional definition
of schemata order.

Evolutionary Computation Volume 8, Number 1 101



R. Zebulum, M. Pacheco and M. Vellasco

structure of the target boolean function also plays a major role in the determination of the
problem complexity.

The determination of the total genotype length n in this representation can be critical,
depending on the target boolean function. If upper limit effects are observed after a
particular choice of n, the value has naturally to be increased. However, this value can be
fixed to the total number of minterms in the target boolean function specification, which
provides the maximum size of a solution.

Evaluation

The fitness evaluation function takes correctness into account by measuring the number
of hits according to the truth table. Additionally, we included a penalty term, as shown in
Equation 5.

Fitness = Hits — k x penalty Q)

There are three penalty sources in the evaluation function.

1. For each pair of repeated genes that a genotype may present, the penalty term is
increased by one unit.

2. Genes that produce “1” outputs where the truth table is “0” also contribute to the
penalty term. The reason is that, even though this kind of gene may present a high
number of hits, it will never take part in the final solution (Hill and Peterson, 1981).

3. The penalty term is also increased for each gene that is out of the particular region
to be sampled by the evolutionary algorithm (Equation 4) when the genome space is
carved up.

The term £ is a constant set by the user that determines the strength of the penalty
term in the fitness evaluation function. Through much experimentation, the authors have
found best results for values of k around 2", where n is the number of input variables. This
can be explained by the fact that, in this case, both terms of the fitness function, hits and
penalties, will have approximately the same range (the maximum number of hits is 2).

4.1.2 Applications

We show results for some basic boolean functions, such as multiplexers, comparators and
parity functions.

The class of multiplexer combinational functions is one in which the ratio (number
of terms of the optimal solution)/(number of minterms in the truth table) is very small,
allowing a high degree of simplification. In this section, we examine the evolution of 6- and
11-input multiplexers.

The 6-input multiplexer is a standard combinational circuit commonly used for the
assessment of evolutionary methodologies (Koza, 1992). This combinational function
consists of 32 minterms, which can be simplified to a 4-term minimal solution. According
to our representation, there are 3% = 729 different genes; the task of the evolutionary
algorithm is to find a genotype in which only the four genes representing the minimal terms
are active. There are a total of C729%=7.00 x 10'° possible combinations of four genes
in this genome space. Ruling out the task of also evolving the solution size, this number
provides a good measure of the problem complexity.
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Table 1: Survey on the 6-multiplexer evolution performance: percentage of successful
executions, average size of the solutions in terms of number of gates, and the ratio between
performance and size. The vary-length operator expression provides the rate at which it is
applied to each mask bit; g is the generation index.

Methodology || Psucc(%) || Av. size || Psucc/Av. size || VaryLength

EA (1) 91 12.02 7.57 0.2¢ 0-00059

EA (2) 84 12.78 6.57 0.05

EA ) 92 1286 | 7.15 0.2sin(Z5)e 00005
EA () 93 11.96 | 7.78 0.2¢ 0-00059

EA (5) 91 13.10 6.95 0.05

EA (6) 92 1242 || 741 0.2sin(Z)e 00059
GP (1) 57 12.00 4.75 —

GP (2) 62 57.73 1.07 —

The results for the 6-input multiplexer are summarized in Table 1. It presents, for
each VLR methodology, the percentage of success, the average solution size, and their ratio
as a measure of performance. The vary-length operator expressions are also provided in
this table. All the experiments have been carried out using: one-point crossover with a
rate of 99%, a mutation operator with rate of 5% per genotype locus, a population of 30
individuals, exponential selection (c = 0.5 7), 300 generations, and 100 executions. Each
execution lasts less then a minute in a Sparc Sun station model Ultra 2. Each individual
can have a maximum of 20 active genes corresponding to a genotype of 20 x 6 = 120 loci.
For comparison purposes, we have also included in Table 1 some results obtained in Blickle
(1996), where explicit mechanisms to control the genotype size were used within the genetic
programming methodology. Both our EAs and genetic programming (GP) process a similar
number of individuals per execution in this comparison (9,000 in our EAs and 10,000 in GP).
The following approaches are being compared in this table: EAs (1), (2), and (3) employ
the ILG, UDIP, and OLG strategies respectively, without Pareto control; EAs (4), (5),
and (6) employ the ILG, UDIP and OLG strategies, respectively, with Pareto control; GP
(1) is the genetic programming methodology using deleting crossover with parsimonious
pressure (Blickle, 1996), and GP (2) is the genetic programming methodology using deleting
crossover without parsimonious pressure (Blickle, 1996).%

From this table, one can conclude that the evolutionary algorithm approaches devel-
oped by the authors outperform the genetic programming approaches, both in terms of
performance and size of the solutions. We can also see that our three VLG methodologies
tend to have a very similar performance, either with or without Pareto control. Using the
ratio Percentage of Success/Size as a measure of the performance of the evolutionary systems,
we can see that the ILG strategy slightly outperforms the other ones. None of the GP
approaches use Automatic Defined Functions (ADFs) (Koza, 1994), though they include
the operator IF in the functions’ set, which is very useful for the particular case of the
multiplexer problem, constituting the use of knowledge in the domain of this particular
problem.

"See (Blickle,1996) for definition of the parameter ¢, which controls the selection pressure.
8To compare the size of the solutions, we estimated the number of gates necessary to implement the boolean
terms obtained in our solutions and assumed that each GP tree node was equivalent to a logic gate.
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Figure 4: 6-muldplexer evolution using ILG (A, B), OLG (C, D), and UDIP (E, F)
strategies. Axis X is the number of generations; axis Y gives the average genotype size
measured in number of genes for graphs A, C, and E and the variance of the genotype size
for graphs B, D, and F.

The vary-length operator expressions have been selected by assessing the EAs perfor-
mance in many experiments. Particularly, this operator provides a way to control, under
certain limits, the average parsimony and correctness of the final solutions.

The graphs in Figure 4 show the average behavior of the population in a typical
execution for each of the three strategies employed. Graphs (A) and (B) show the average
genotype length and variance of the genotype length, respectively, for the ILG strategy.
Graphs (C) and (D) show the average genotype length and variance of the genotype length,
respectively, for the OLG strategy. Graphs (E) and (F) show the average genotype length
and variance of the genotype length, respectively, for the UDIP strategy.

We can observe that, in the ILG and OLG strategies (graphs A and C), the average
size of the genotypes starts at the value of one gene and stabilizes with four genes—the
optimum number of boolean terms for the 6-multiplexer. The variance of the genotypes’
size along the evolutionary process is usually low, and the population stays homogeneous
during evolution. On the other hand, in the UDIP strategy, the initial average genotypes’
size is around 10 (Graph E), reflecting the fact that the initial individuals have their sizes
randomly assigned between 1 and 20 genes. Also, in the first generation, due to the high
selection pressure, there is a sharp fall in the average size of the genotypes and in the variance
of the population (the initial values, 9.3 and 3.8 respectively, are not clear in Graphs E and
F). This is due to the fact that, in the beginning, smaller individuals usually have higher
fitness. It is interesting to notice that the low variance in the genotypes’ length is one
of the assumptions of the Species Adaptation Genetic Algorithm (Harvey, 1993). Also,
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Figure 5: Effect of extreme degrees of selection pressure in the average genotype length
for the 6-multiplexer using the OLG strategy. Axis Y gives the genotype size and axis X
gives the generations. The vary-length operator rate (sine wave) is also shown in a different
scale.

the population tends to remain homogeneous, thus avoiding problems of mating between
radically different genotypes (Goldberg, 1989).

In order to evaluate the effect of the selection pressure, we ran two extreme cases for
the 6-multiplexer: exponential selection with very low selection pressure (parameter ¢ =
0.95) and exponential selection with very high selection pressure (parameter ¢ = 0.4). The
results, in terms of average genotypes’ length, using the OLG strategy, are shown in the
graph of Figure 5. It can be seen that, for high selection pressure, the average genotype
length reaches an almost constant value quickly, while it tends to oscillate when lowering the
selection pressure. Also shown in this graph is the vary-length operator rate (in a different
scale), given by the slowly decaying sine wave defined in Table 1.

The synthesis of larger boolean functions, such as the 11-multiplexer, 8-comparator,
and 8-parity can be accomplished by the introduction of enhancements to our basic method-
ology, such as the partition of the genome space and the use of the memory paradigm. In the
former, we apply Equations 3 and 4, for K = 3; the latter consists of storing all the genes
that do not add penalties to the fitness evaluation function (according to Equation 5), in the
EA memory.

The 11-multiplexer is a combinational function defined by 1,024 minterms that are
simplified to only 8 terms. There are 3'' = 177,147 different genes according to our
representation. The complexity of picking up the 8 minimal terms from the total number
of genes can be estimated as 0177,1478 =~ 2.41710%7, therefore, 102" times higher than the
complexity of the 6-multiplexer. This statistic itself precludes the use of our previous EAs
without any enhancement. We have carved up uniformly the genome space into five slices,
thus using five parallel EAs. The memory paradigm and the ILG strategy have also been
used. The genes found by each parallel EA may be taken to compose the overall solution,
since they account for non-overlapping regions of the genome space, and there is no epistatic
effect in our representation. Using this criteria, we have obtained six solutions over ten
executions of our parallel EA; four of them included the eight optimal genes. The results
compare very well with other references (Sakanashi et al., 1997), considering that we did
not use any specific knowledge of the multiplexer functions in the design of the evolutionary

Evolutionary Computation Volume 8, Number 1 105



R. Zebulum, M. Pacheco and M. Vellasco

1,600

1,400

1,200

1,000

800

600

400

Average fitness (Best Individuals)

200

0

0 15 30 45 60 75 90 105 120 135 150
Generations

Figure 6: Average fitness in the 11-multiplexer experiment (EA number assigned to each
curve).

algorithm. Furthermore, our methodology promises to be less time consuming then other
methodologies applied to the problem. Each run processes a total of 22,500 individuals (30
individuals, 5 EAs, and 150 generations) against 36,000 (one solution found in 9 generations
over a population of 4,000 individuals) in Koza (1994). Figure 6 shows the average fitness
of the five EAs over ten executions. The best possible fitness is 2'! = 2,048 but is achieved
by none of the processes since the solution is now distributed.

Table 2: Survey on the 8-comparator evolution: (G)g, and (F),, are, respectively, the size
and fitness of the best genotypes achieved, averaged over ten executions.

Methodology Psuce(%) || (Gav || (Faw

OLG with Memory 100 221 256 over 256
ILG with Memory 80 18.5 255.8 over 256
OLG without Memory || 0 8.1 243.8 over 256

The effectiveness of the reuse of genetic material when initializing non-coding seg-
ments along evolution may be demonstrated by the synthesis of an 8-bit comparator. This
device implements the logic function A > B, where A and B are 4-bit numbers, resulting
in a total of eight inputs. This combinational function is specified by 120 minterms, which
may be reduced to 15 terms using the standard CAD tool Espresso. Whereas the solution of
the multiplexer functions are made up of high order terms (highly simplified terms), and the
ones for the parity functions are made up of the lowest order terms (the own minterms), the
solution to the 8-bit comparator includes both high order terms and minterms. There are a
total of 3% = 6561 possible genes. The complexity of gathering 15 terms can be calculated
by Cese1'® == 10"5. Table 2 shows the average performance of our methodology when
using the OLG and the ILG strategies, both with the memory paradigm, and the OLG
strategy without the memory paradigm. As it can be seen, the reuse of genetic material in
non-coding regions produces an extraordinary benefit to the performance in this case. It
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can also be observed that the ILG strategy arrived at more parsimonious solutions in terms
of number of genes; the best solution found presented a total of 16 genes, one gene more
than the optimal solution. The strategies employing the memory paradigm took around
four hours to run 10 executions in a SPARC classic workstation.
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Figure 7: Fitness of the best genotype along the evolutionary process for each of the ten
running EAs of the 8-parity problem (1 execution).

The 8-parity combinational function is specified by 128 non-simplifiable minterms,
leading to a complexity of Cgse1'?® = 10°™!. The genome space has been divided into ten
regions, one EA has been used to sample each region. Figure 7 shows the best individual
fitness for each running evolutionary algorithm; the ones that sample regions with more
minterms reach higher fitness values. At the end, all 128 minterms have been found.
Nevertheless, this is an example for which our representation is not efficient, since parity
functions can be more easily expressed using the exclusive OR operator.

The representation used in this case study solves some of the problems of the gate
level representation concerning the evolution of larger digital circuits. However, in order
to make this tool competitive with conventional ones, such as Espresso, our methodology
must be further improved to handle digital circuits larger than the ones presented in this
paper. The authors see the process of carving up the genome space as the most promising
to overcome this problem. Additionally, promising gate level approaches for the evolution
of digital circuits, which can compete with the state of art in CAD, have been recently
reported (Miller at al., 1997; Zebulum et al., 1998c).

4.2 Analog Circuits

Analog circuit design benefits more from the use of artificial evolutionary systems than
digital design, since CAD tools are not as efficient for analog design (Johns and Martin,
1997). We present results on passive filters and transistor based amplifiers.

Throughout this section, we show our results using a performance measure that rates
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fitness and parsimony as given by:

Ur(Fyest,j) -Frest,j
Gbest,j

(©)

Tbest,j =

Ur(f)=1,4if f>T , Ur(f) =0 otherwise @)

where Fpes; ; and Gpest,; stand, respectively, for the fitness and genotype size of the best
individual for a particular execution j of the evolutionary algorithm. Ur(f) is a unit step
function over a fitness threshold T selected by the user. If the achieved fitness is better than
the specified threshold, the ratio defined above will be greater than 0, so that the higher its
value, the better the methodology. When taking into account a set of executions, two other
measurements can be derived: (Tpest)maz and (Tpest)ar that correspond to the maximum
and average values of r¢5; ; over a number of executions of the EA.

The main idea behind these indexes is to give the same emphasis to the circuit’s fitness
and size. There can be different versions for the r-indexes. For instance, if the circuit
correctness is more important than its parsimony, the fitness value in the above equation
could be squared.

4.2.1 Passive Filters

A filter is a circuit which alters the characteristic of a periodic electronic signal (Bishop,
1991). If the frequency of this input signal lies in the filter passing band, then it must appear
in the circuit output without attenuation; if the input signal frequency lies in the filter
stop band, then it must be completely rejected. Particularly, passive filters are made up of
resistors, capacitors, and inductors.

The use of artificial evolutionary systems in the design of passive filters has already
been studied through genetic algorithms (Grimbleby, 1995) and genetic programming
(Koza et al., 1996). This case study serves a twofold purpose: performing a theoretical
investigation of the application of VLR systems in filter design and assessing the practical
suitability of using evolutionary systems as a CAD tool for analog design. As this application
is oriented towards the conception of practical circuits, the EA uses only electric components
with standard values (Horrocks and Spittle, 1996). This section extends the results shown
in Zebulum et al. (1998a).

In our chromosome representation, each gene encodes a particular electric component
by specifying its nature (resistor, capacitor, or inductor), its value from a set of preferred
values (Horrocks and Spittle, 1996), and its connecting points. Any arrangement of com-
ponents is allowed, which permits the exploration of new topologies. Based on previous
work (Koza et al., 1996), we have devised the following fitness evaluation function:

n
fitness = 1,000 — Z w;|Target; — Output;| 8

i=1

where T'arget; is the desired frequency response, Output; is the obtained response, and n is
the total number of output samples. According to Equation 8, the fitness is defined by the
weighted sum of the deviations between the actual output and the desired filter response;
this sum is multiplied by -1 and added to a constant chosen to be 1,000. The weighted
sum is multiplied by -1 because the lower its value, the higher the fitness should be; the
added constant has been a way to assign to fully compliant circuits a maximum defined
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score of 1,000 points, and it is just used for the sake of visualization. The weight w; should
take a maximum value for frequency points inside the passband, an intermediate value for
frequency points inside the stop band, and a minimum value for other frequency points.
They assume the values of 20, 10, and 1 for these three cases respectively. Although this
fitness equation worked well, setting the values of the weights has been an interactive and
time consuming process. ‘1o evaluate the circuits, we have used the SMASH simulator.

In order to demonstrate the flexibility of our methodology, we present results for
the design of low-pass, band-pass, and notch filters. In all cases, we have used VLR
methodologies with genotypes made up of 20 genes corresponding to 20 components,
exponential selection (c = 0.7), one point crossover with 80% rate, and 400 generations.

Table 3: Results on analog filters evolution. The first column refers to the particular
experiment (E): 1, 2, and 3 refer to the ILG strategy applied to low-pass, band-pass, and
notch filters respectively; 4, 5, and 6 refer to the UDIP strategy applied to low-pass, band-
pass, and notch filters respectively; 7, 8, and 9 refer to the OLG strategy applied to low-pass,
band-pass, and notch filters, respectively. UDIP and OLG strategies employ the Pareto
control technique. Pjs is the mutation percentage; the vary-length operator expression
provides the rate at which it is applied for each mask bit; g is the generation index.

E || (roest)maz || (Pbest)av || Foest || Grest || Yosuc | Pu VaryLength

1 || 228.6 67.4 9144 || 4 70% || 0.8% | 0.2¢=0-0059

2 || 1103 18.9 882.3 || 8 30% || 2% (0.2¢—0-00059

3] 73.1 263 803.9 || 11 45% || 2% 0.2¢~0:001g

4 || 94.6 70.1 946.2 || 10 95% || 0.8% || 0.03

S 778 35.7 933.9 || 12 50% || 2% 0.03

6 || 67.6 13.2 878.5 || 13 20% || 2% 0.03

7 0 121.5 74.4 972 8 80% || 2% 0.2sin(Z)e"-000%
8 || 164.1 23 820.6 || 5 20% || 2% 0.2sin(%)e 00059
9 || 108.2 8.3 865.7 || 8 10% || 2% 0.2sin (5 )e~"-000%

Table 3 summarizes the results in terms of the performance measures defined in Equa-
tions 6 and 7. Also displayed in this table are the fitness (Fjes;) and genotype size (Gpest)
values for the individual that presented the highest fitness/parsimony ratio over the ex-
periments. The percentage of success (% suc) is also given in this table. This is defined by
the percentage of EA executions in which the minimum fitness threshold (see Equations 6
and 7) has been achieved. This threshold was set to 900 out of 1,000 for the low-pass filter
and 800 out of 1,000 for the band-pass and notch filters. Each of the nine experiments
consisted of 20 executions of the evolutionary algorithm. Each experiment lasts around 16
hours in a Sun Ultra Enterprise 2 server with one 300MHz Ultra Sparc processor.

In terms of the r-indexes, one can see from Table 3 that the ILG and OLG strategies
achieve the highest (7hest ) maz values, whereas the UDIP strategy is slightly better regarding
the average statistics (rpes;)qy- Furthermore, the percentage of successful experiments for
the OLG strategy, in the case of band-pass and notch filters, is much lower than in the
case of the ILG and UDIP strategies. This table also presents the mutation rate and the
general expression of the vary-length operator in each experiment. We observed that the
EA performance is very sensitive to these two parameters. The authors have performed
comparative tests to find good values for these parameters.
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Figure 8: Comparison among the performance of the VLR strategies in terms of fitness
only: best genotypes average fitness for the low-pass, band-pass, and notch filters over
twenty executions — axis Y is the average fitness and axis X represents the generations.
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Figure 9: Comparison among the performance of the VLR strategies in terms of average
genotypes’ size only: average genotypes’ size for the low-pass filter, band-pass, and notch
filters over twenty executions — axis Y is the average genotype size expressed in number of
electronic components and axis X represents the generations.

The graphs of Figure 8 show the best individual fitness along the evolutionary process,
averaged over the 20 executions for the nine experiments. From these graphs we can see that
the UDIP strategy usually achieves best fitness values, and the OLG strategy performance
deteriorates for more complex filters’ specifications, such as band-pass and notch filters.

Figure 9 depicts the genotype length averaged over the 20 executions for the nine
experiments. The graphs show that, while the ILG strategy produces a constant trend
towards growth, the OLG strategy tends to oscillate, and the UDIP strategy shows just a
slight tendency towards genotype growth.

The low-pass filter is specified to have a passing band below 1,000 Hz and a stop
band above 2,000 Hz (Koza et al., 1996). The band-pass filter has been specified to accept
frequencies between 2,000 and 3,000 Hz and reject the ones below 1,000 Hz and above
4,000 Hz. The notch filter has been specified to accept frequencies below 1,000 Hz and
above 5,000 Hz, rejecting the ones between 2,000 and 4,000 Hz. Figures 10, 11, and 12
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show the schematics of the best low-pass (OLG strategy, fitness of 981 out of 1,000), band-
pass (UDIP strategy, fitness of 955 out of 1,000), and notch (ILG strategy, fitness of 909 out
of 1,000) filters obtained in these experiments. Figure 13 shows their respective frequency
responses. These circuits have been the best obtained considering their fitness only, i.e.,
not taking into account their performance according to their r-indexes.
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Figure 10: Best low-pass filter evolved considering fitness only (using the OLG strategy).
The V marker indicates the output.
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Figure 11: Best band-pass filter evolved considering fitness only (using the UDIP strategy).
The V marker indicates the output.

Let us compare our results for the evolution of the low-pass filter (also called "Brick
Wall" filter) with the genetic programming methodology (Koza et al., 1996). While a
fully compliant circuit has been evolved (Expression 8 equal to 1,000) through genetic
programming, using our VLR methodology and the ILG strategy, we arrived very close to
the fully compliant circuit (fitness of 981 out of 1,000). Nevertheless, our VLR methodology
evolved a more parsimonious circuit (10 components against 16 in the GP methodology).
Additionally, the total number of individuals processed within our framework has been much
smaller than the one in GP: 320,000 (40 individuals, 400 generations, and 20 executions)
in our methodology against 10,240,000 (320,000 individuals and 32 generations) in GP.
The fact that we used only standard components values also contributed to increasing the

hardness of the task.

The three filters, shown in the figures, presented a flat response in their passing bands,
which is a desirable feature. The low pass filter presented a maximum attenuation of -0.65dB

111

Evolutionary Computation Volume 8, Number 1



R. Zebulum, M. Pacheco and M. Vellasco

Il 0.1u i 0.27n
I I 15k
22m
12 0.1u 4.7n
1.5M T
1k 2.2H
0.33u

" e

I
L el
220k
100k

0.1u

47m

v

Figure 12: Best notch filter evolved considering fitness only (using the ILG strategy). The
V' marker indicates the output.
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Figure 13: Frequency responses of the passive filters: Y axis is the output voltage in decibels
and X axis is the frequency in Hertz. (a) low-pass, (b) band-pass, (c) notch.

in its passing band and a steepness of 24.2 dB/1000Hz in its transition band. The band-pass
filter presented a maximum attenuation of -1.19dB in its passing band and steepness of
20.5dB/1000Hz and 22.5dB/1000Hz in its transition bands. The notch filter presented a
maximum attenuation of -1.29dB in its passing band and steepness of 30.4dB/1000Hz and
17.4dB/1000Hz in its transition bands. The filters’ steepness can be improved, at an expense
of its passing band flatness, by changing the weights of the fitness evaluation function. For
instance, we could achieve a steepness of 55dB/1000Hz for the low-pass filter by changing these
weights, but the maximum passing band attenuation deteriorated to -2dB.

The Use of the Memory Paradigm

The EAs used in the analog circuits case studies presented so far have not employed
the memory paradigm. In order to use this paradigm, we changed our representation so
that each gene now encodes for a circuit mesh whose performance as a filter can be easily
assessed. The filter topologies are, therefore, constrained to circuits with a variable number
of parallel meshes (Zebulum et al., 1998a). We made experiments for the particular case
of the band-pass filter, defined above, using the ILG strategy. During evolution, genes
encoding for meshes behaving as either low-pass filters or high-pass filters were stored
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Figure 14: Evolved band-pass filter using the memory paradigm (fitness of 862 out of 1,000)
and explicit building block found in memory.

"Table 4: Results on the use of the memory paradigm in the evolution of a band-pass filter
over 10 executions: case 1 uses the memory paradigm and mesh representation; case 2 refers
to the use of the mesh representation without the memory paradigm.

Case || (Tbest)maz || (Tbest)av || Fpest Ghrest || Tosuc (F)av
1 103.9 27.1 830.9 || 8 30% 711.2
2 83.0 14.9 830.2 || 10 18.2% || 613.9

in the genetic memory, since these kinds of circuits can be useful building blocks for the
evolution of the band-pass filter. Figure 14 shows the best band-pass filter evolved using
the memory paradigm. The authors identified one explicit building block found both in
the memory and in the best circuit. Figure 15 shows the frequency response of the whole
circuit and of the explicit building block (a high-pass filter with cut-off frequency below 100
Hz). Table 4 compares the following results: constraining the circuit topologies to meshes
using the memory paradigm (over 10 executions) and constraining the circuit topologies
to meshes without using the memory paradigm (over 10 executions). Besides the statistics
shown in Table 3, we added the (F'),, statistics to Table 4, which accounts for the final best
fitness value averaged over 10 executions.

The results suggest that the memory paradigm improves the performance; though,
opposing to their digital counterparts in which there is no epistasis effect among genes,
in this case, the individual meshes will affect each other to a certain extent due to electric
coupling.

4.2.2 Transistor Based Amplifiers

The design of analog amplifiers is usually a complex task and can be considered more
a form of art than science, requiring experience and intuition from the designer (Johns
and Martin, 1997). Koza et al. (1996) have published pioneering applications, applying
genetic programming to the design of amplifiers. We have used our VLR methodologies to
tackle this problem. The same chromosome representation employed in the passive filters
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Figure 15: Frequency responses for the circuits shown in Figure 14.

application has been used; each gene may encode a npn transistor, a pnp transistor, or a
resistor. The gene also encodes the components’ connecting points and their magnitude,
in the case of a resistor. The fitness evaluation function is made through the evaluation of
the DC response of the circuit, as suggested in Bennett et al. (1997). The SMASH circuit
simulator has also been used in this case study, and the final evolved circuits have also been
simulated using SPICE. After applying an input signal of the order of mV, we measure the
induced variation in the output voltage. The higher the output variation, the better the
amplifier.

Table 5: Results on analog amplifier’s evolution over 10 executions: fitness is given in volts
and genotype size is given in number of electronic components — UDIP and OLG strategies
employ the Pareto control technique.

MethOdOlOg}’ (Tbest)maz ('rbest)av Fbest Gbest %SUC (F)av
ILG 1.04 0.23 1141 || 11 50% | 2.61
UDIP 0.31 0.10 2.47 8 80% || 0.76
OLG 1.22 0.31 6.08 5 70% 1.97

Table 5 compares the strategies’ performances; the minimum specified fitness threshold
T hasbeen set to 20 dB gain amplifiers. Although the OLG strategy presented bestr-indexes,
the ILG strategy evolved the highest gain amplifier (see Fpe ).

Figure 16 shows the schematic of a 55 dB gain amplifier obtained by our methodology
using the ILG strategy; Figure 17 shows its DC response to a 20 mV input signal. This
figure shows both the response obtained in simulation and the behavior of the circuit
when implemented in reality. As can be seen, the simulated response is steeper than
the measured response, although both curves correspond to an amplifier. The difference
between the responses may be due to the following:
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Figure 16: Schematic of the best amplifier obtained by the ILG strategy.
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Figure 17: Comparison between the DC responses of the circuit in Figure 16 in simulation
and in real implementation.

1. The behavior of bipolar transistor devices may vary slightly among one another due to
small differences in their parameters.

2. There are minor differences between the transistors’ parameters used in simulation
and the ones of the real transistors.

3. Finally, in the case of evolved circuits, the unconventional circuit topologies yielded
may be not accurately modeled by simulators, since many transistors now operate in
regions that are not commonly used in conventional design, such as the reverse region
(Laker and Sansen, 1994); in the case of the circuit in Figure 16, the input signal is
being supplied to the emitter of a particular transistor —a procedure thatis not normally
followed conventionally.

A more complete investigation of the above issue can be found in Zebulum et al.

(1998b).
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A similar attempt to evolve an amplifier is reported in Bennett et al. (1997). Using the
genetic programming methodology and the SPICE simulator, they achieved a 60 dB gain
circuit with 22 transistors, while we arrived ata 55 dB gain circuit (measured in simulation)
with 7 transistors. In Bennett et al. (1997), linearity has also been taken into account
in the fitness function. We have processed a total of 80,000 individuals (40 individuals,
200 generations, and 10 executions, each one taking around 4 hours in a Sparc Ultra 2)
against 69,760,000 in GP (109 generations and 640,000 individuals). We also ensured the
testability of our circuits by mounting them in protoboards, an issue that increases the
problem complexity (Zebulum et al., 1998b).

5 Biological Analogy

This section contrasts natural mechanisms with the artificial evolutionary strategies pro-
posed in this work. The human genome consists of two types of DNA, coding and
non-coding. The former is effectively transcribed to produce proteins or regulate their
production (Ridley, 1996). On the other hand, DNA that does not code for genes is called
non-coding DNA or introns. One evolutionary hypothesis says that non-coding sequences
are sel fish DNA, contributing nothing to the well-being of the organism. A non-coding
sequence may be either active or passive and may have evolved from mechanisms such as
unequal crossover (Ridley, 1996). The main idea is that these facts contribute to make the
genotype-phenotype mapping performed by nature far different from the one employed in
traditional genetic algorithm models.

Therefore, variable length representation evolutionary systems are more plausible
from a biological point of view. Concerning the variable length representation in biology,
geneticists still disagree about the proportion of non-coding DNA in the human genome
(Ridley, 1996)—estimates made by DNA re-association experiments vary from 10% to 50%.
The human genome contains around 100,000 genes, meaning that human beings use about
100,000 different kinds of proteins in their lives. As a protein is made up of an average
of 300 amino-acids, which leads to about 1,000 nucleotides, one concludes that there are
around 10® coding bases in the human genome. Notwithstanding, a human cell contains
about 3 x 10° nucleotide units, much more than the amount needed to code for proteins. In
spite of the imprecision, it is certain that most DNA does not code for genes, being called
non-coding DNA.

Our model is, obviously, a great simplification of natural mechanisms with a major
difference: macroevolutionary changes in nature are carried out through adaptation and
gradual changes (Ridley, 1996) and not through genome expansion, as defined in our model.
This fact suggests that the engineering benefits of VLG may be completely different from
any advantage it might confer to nature. Nonetheless, our artificial system borrows some
principles from nature that are not seen in standard EAs: the existence of both coding
and non-coding genes, increasing growth in phenotype complexity, the accessibility of the
effect of each gene in the phenotype, and a higher degree of preservation of useful genetic
material.

6 Conclusions

This work has demonstrated the high level of correlation between two areas of study:
evolutionary electronics and variable length representation evolutionary algorithms. The
latter can get benefits from the large source of case studies provided by the former; the
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former, on the other hand, may produce many results of practical importance for CAD
development by borrowing concepts from the latter.

We have made an extensive study of cases, including analog and digital electronics,
covering most of the evolutionary electronics applications being investigated at the present
moment. In our experiments, we have compared the performance of different strategies for
sweeping the VLR genome space, investigated implicit and explicit mechanisms for balanc-
ing accuracy and parsimony, and proposed an explicit way of using non-coding segments.

Our experiments showed that the increasing length genotypes strategy for sweeping
the genome space produced better results for many of the applications developed here. The
implicit mechanism for controlling the solutions’ size is one of the more interesting features
of the ILG strategy.

A technique based on the Pareto concept for multi-objective optimization has been
applied as an explicit way of balancing parsimony and accuracy. The main effect of using
this mechanism is to indirectly increase the selection pressure towards parsimonious and fit
solutions.

The use of the memory paradigm allowed the exploration of non-coding segments
and has produced significant benefits in the evolution of large combinational functions.
Even though this kind of non-coding material is usually seen as a problem in genetic
programming, it is well suited to the application of the technique developed by the authors.
The main challenge to getting the benefits of the memory paradigm in a broader domain of
applicationsis finding representations with a low level of epistasis among genes. The authors
are now investigating the application of this concept to the problem of VLSI placement.

Regarding future work, the following topics are foreseen: extension of the applications
on combinational functions evolution to handle circuits of larger sizes, further investigation
on the use of the memory paradigm on analog circuits evolution, and producing professional
CAD tools for analog circuit synthesis using evolutionary algorithms.
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